Abstract. In this study, a new concept for particle size prediction during the fluid bed granulation is presented. Using the process measurements data obtained from a design of experimental study, predictive partial least squares models were developed for spraying and drying phases. Measured and calculated process parameters from an instrumented fluid bed granulation environment were used as explaining factors, whereas an in-line particle size data determined by spatial filtering technique were used as response. Modeling was carried out by testing all possible combinations of two to six process parameters (factors) of the total of 41 parameters. Eleven batches were used for model development and four batches for model testing. The selected models predicted particle size (d 50 ) well, especially during the spraying phase (Q 2 =0.86). While the measured in-line d 50 data were markedly influenced by different process failures, e.g., impaired fluidization activity, the predicted data remained more consistent. This introduced concept can be applied in fluid bed granulation processes if the granulation environment is soundly instrumented and if reliable real-time particle size data from the design of experiment batches are retrieved for the model development.
INTRODUCTION
Fluid bed granulation (FBG) is one of the most widely used and extensively studied processes in pharmaceutical technology. The prime purpose of the FBG is to improve material properties for further processing, i.e., flowability and compactibility. Particle size distribution has a major impact on these properties. FBG involves three simultaneous processes: (1) wetting and nucleation, (2) consolidation and growth, and (3) breakage and attrition. Since it is difficult to distinguish these rate processes from each other, some more practical partitioning of the process is required. Thermodynamically, it is reasonable to split FBG process and the modeling in two separate stages: (1) binder spraying phase and (2) drying phase, since material input into the processing chamber is fundamentally different in these two stages.
During the FBG process, granule growth rate and size are influenced by the establishment of a critical dynamic equilibrium between granule wetting and evaporation from the granule surface (1) . The process parameters affecting granule wetting are granulation fluid volume and addition rate, atomizing air spray pressure and position, and design of the spray nozzle. Evaporation from the granule surface is governed by the drying capacity of the inlet air, a factor in turn governed by inlet air temperature, flow rate, humidity, and distribution. It is commonly understood that careful and accurate control and monitoring of this complex set of interrelated parameters is important .
Understanding and controlling of FBG process also requires sophisticated instrumentation. Air flow rates, air humidity, pressure differences, temperature values, and granulation liquid feed rate values are typical process measurements that are determined during the FBG. A schematic overview illustrating the variation and measurement aspects in FBG is shown in Fig. 1 . Even though most sources of variation can be kept in control, some process parameters may remain uncontrollable. If there is, e.g., no effective air-dehumidifying system in place, inlet air humidity can vary remarkably during the year, and it is, therefore, an important uncontrollable variable. The impact of air humidity effect is, however, dependent on the formulation used. Another example is batch to batch variation in raw material characteristics. If an uncontrollable variation influences the product quality attributes, the process should be adjusted to compensate for this. In practice, process adjustment is possible if process understanding can be scientifically demonstrated (24, 25) .
Traditionally, and quite commonly still today, the determination of the product quality is carried out by off-line measurement after the process. Various techniques, such as sieve analysis (26) , laser diffraction (27, 28) , and image analysis (29) (30) (31) , are available for off-line particle size distribution measurement. Recently, also spatial filtering technique (SFT) has been utilized for particle size determination (32) . In SFT, the measured particles are dispersed using pressurized air through the measurement zone inside the probe. The velocity and the chord length size of the particles are measured as they move through the laser beam and hence, prohibit light entrance to the detectors. One disadvantage of these off-line applications is, however, that no data is obtained from the granule growth/attrition during the process, and therefore, real-time process adjustment is not possible. Due to this, more and more effort has been put into techniques that can be applied as in-line, online, or at-line (33) (34) (35) (36) (37) (38) (39) (40) .
When all relevant process parameters are measured, and a real-time particle size is determined during the FBG, correlations between these can be studied. Consequently, better understanding of the particle size growth and attrition can also be attained. The aim of this study was to introduce a new concept for real-time particle size prediction in FBG. The previous study reports focused on process understanding and determination of particle size during the FBG (32, 40) . The process measurement and in-line particle size data gathered in those studies were used here to evaluate the possibility of the real-time particle size prediction using the measured process data.
MATERIALS AND METHODS

Materials
Each batch consisting of 2.0 kg theophylline anhydrate (200 M, BASF Aktiengesellschaft, Ludwigshafen, Germany) and 2.0 kg α-lactose monohydrate (200 M, DMV International GmbH, Veghel, Netherlands) was granulated, using 2 kg of 7.5% aqueous binder solution of polyvinylpyrrolidone (Kollidon K-30; BASF).
Granulation Batches
The granulations were performed in an automated fluid bed granulator (Glatt WSG 5; Glatt GmbH, Binzen, Germany). The inlet air humidity of the process air was modified using a humidifier (Defensor Mk4; Brautek Oy, Espoo, Finland). The atomization pressure was 0.1 MPa, and the nozzle height was set to 45 cm from the distributor plate. The inlet air temperature was 40ºC during the mixing and spraying phases and was raised to 60ºC during the drying phase. The inlet airflow rates were adjusted to 0.04 m 3 /s for the mixing and 0.08 m 3 /s for the granulation/drying phases. A mixing time of 2 min was used. The final moisture content of the granules, measured by loss-on-drying (Sartorius Thermocontrol MA 100; Sartorius, Göttingen, Germany), was not more than 1.1% in all batches.
A central composite face-centered experimental design with three midpoint repetitions was used. Inlet air humidity, granulation liquid feed rate, and granulation liquid feed pulsing were studied at three levels. The parameter values were selected to generate sufficient range of different particle size growth and final particle size levels among the batches. The inlet air humidity levels were >13 (high), 7-12 (medium), and <6 g/m 3 (low). The granulation liquid feed rate values were 90, 70, and 50 g/min. Granulation liquid feed pulsing was initiated after half of the total liquid amount (2,000 g) was sprayed. The granulation liquid feed was interrupted for 1 min every second minute (50% pause time), every third minute (33% pause time), or not at all (0% pause time). The granulations were performed in randomized order. The experimental study set included 17 batches; however, in-line particle size data could be collected from 15 batches that are listed in Table I .
In-line Particle Size Measurements
An in-line SFT probe (Parsum® IPP 70; Gesellschaft für Partikel-, Strömungs-, und Umweltmesstechnik GmbH, Chemnitz, Germany) was installed to the granulator at the height of 45 cm (Fig. 2) . The particles passed through an aperture (diameter 4 mm), and pressurized air was used to disperse the particles. Measured raw data were collected via analog/digital converter to the PC (Pentium II, 2 GHz, 40 GB HDD, 512 MB RAM). The SFT software operated in the Windows® XP environment. During the fluid bed process, an average volume particle size at 10-s intervals was saved. Fifty percent fractile value (d 50 ) of the volume particle size distribution was used for data analysis.
Data Pretreatment and Modeling
Partial Least Squares (PLS) was used for the data modeling. PLS is a projection method relating two data matrices to each other by a multivariate model. The PLS method enables modelling of data in which the number of variables exceeds the number of observations. It can be used, e.g., for multivariate calibration and for process modeling and optimization. More detailed information on PLS can be found in literature (41, 42) .
Twenty-two measured and 19 derived process parameters were used as factors, and the in-line d 50 values were used as a response in PLS modeling. For spraying phase model, the actual d 50 values were used. The change in d 50 values from the start of drying phase was used for drying phase model. The complete list of all 41 process parameters is presented in Table II . It was realized that the derived and measured parameters do have correlations. The derived parameters, however, were included in order to get better insight of the granulation phenomena. Water balance is one example of a derived parameter that compiles many relevant FBG parameters, and hence, it enables more comprehensive evaluation of granulation. The general process for data pretreatment and modeling is presented in Fig. 3 . At first the process, data were synchronized and integrated with the d 50 data. The process measurement data were saved at every 1 s whereas the d 50 data were received only at every 10 s, and therefore, the process measurement data was filtered to have the same amount of time points. Because one measurement represents quite a small sample from the total mass, it can still have some random noise, and therefore, a moving average of six consecutive measurements was used. It was found in previous studies that the in-line application systematically underestimates the particle size (40) . Due to this, the d 50 data were finally corrected using the Eq. 1, where X represents the original d 50 values (micrometer), and Y represents the corrected values (micrometer).
Eleven batches from the experimental study set were selected for PLS model development and four batches for model testing. The test batches are marked with asterisk in Table I . As reported earlier, there were different process phenomena among the manufactured batches that caused inconsistencies in the in-line particle size data acquisition during the granulation process (40) . Selection criterion here was such that all batches used in the model development had consistent and successful in-line d 50 data, whereas in three out of the four test batches had different process failures and hence, some inconsistencies in the d 50 data. Consequently, it was also possible to evaluate the robustness of the model by comparing the predicted and measured d 50 data during the process failures.
Different models were developed for spraying phase and drying phase. Matlab software (version 7.0 in Windows XP) was programmed to model all possible two to six process parameter permutations. The constructed PLS models were based on linear combinations of these parameters. Computer's (1.6 GHz, 500 Mb) calculation time using six parameters was approximately 20 h resulting 22.5 million models using 4.5 million combinations and all possible one to five principle components. Root mean square error of prediction (RMSEP) and statistical significance evaluation of the parameters were used to compare and rank the models. Consequently, the selected models had the smallest RMSEP value assuming that all parameters were statistically significant.
RESULTS
Prediction Models
The best models with using two to six parameters are shown in Table III . The RMSEP values of the spraying phase model decreased when the number of the parameters 
a Batches used for model testing Fig. 2 . Fluid bed granulator increased, as expected. However, it was also found that if more than four parameters were used in the spraying phase model, the coefficient values were not statistically significant anymore. Therefore, to decrease the risk of over modeling and to enable the stability of the model, four parameters were used in the spraying phase model. Using this model, the RMSEP was 30.0 µm. The selected spraying phase model included following parameters: water balance, water out cum, F1, and dP2. The goodness of prediction (Q 2 ) value for the model was 0.86. Water balance and water out cum had the biggest impact on the model which can be seen as high variable influence on projection (VIP) and coefficient values (Table IV) . Water balance was actually present in all of the models regardless of the amount of the parameters used and can, therefore, be regarded as the most significant single parameter for the d 50 . When the coefficient values of the model are evaluated, it is seen that the increase in water balance increases the d 50 Min minimum, max maximum a Parameters not used in drying phase value, and the increase in water out cum decreases it. This is logical since the first parameter describes the amount of the water accumulating in the granulator whereas the second parameter reflects the cumulative water amount released from the process. The influence of the other two parameters, F1 and dP2, on the model was very likely related to the decreased air flow through the smallest particles. Consequently, the bigger the particles, the higher the inlet air flow rate and hence, the smaller the pressure difference over the granules. It was not sensible to calculate the RMSEP values for drying phase due to the inconsistencies in d 50 data of the three test batches. However, it was found that using the model of six parameters, all parameter coefficients had statistical significance on the model. Therefore, six parameters were used for drying phase model. The drying phase model included following parameters: dU, water balance, AH1, T6, AH2, and T4.
Prediction Results
The predicted and measured d 50 values of the four test batches are presented in Figs. 4, 5, and 6. In general, the predicted d 50 values were in good correspondence with the observed values. For batch 15, which was a midpoint batch of the experimental design, the predicted values followed particularly well the measured data (Fig. 4 ). There were inconsistencies in the original in-line particle size data acquisition with the batches 1, 6, and 13. During the spraying phase of batch 1 (approximately at 21 min time point), the measured d 50 values rapidly increased due to the diminishing of the filter shaking. This abnormality, however, was not reflected to the predicted data. It was found that the predicted trend of the particle size increase was very stable also during this process failure (Fig. 5) . Furthermore, there was a turning point in the original d 50 trend at the time when the drying phase started. The model predicted this trend very similarly to the obtained data. The measured d 50 values were decreased at the end of the drying process of two batches due to the blocking of the distributor plate and decreased fluidization activity (Fig. 6) . The prediction results, on the contrary, revealed clearly more consistent d 50 trend until the end of the process. When the final d 50 values measured off-line by SFT are compared to the predicted level, it is found that the selected model predicts reasonably well the final particle size. Especially, with batches 6 and 13 that had impaired fluidization, the predicted d 50 values were more accurate than those of the observed in-line data during the end of the process.
DISCUSSION
Biggest systematic differences between the modeled and the observed d 50 values were obtained at the beginning of the granulation, where the increase in the observed d 50 values was very fast. The number of process measurement time points representing the fast granule growth (nucleation) phase was very limited and small compared to the slow growth phase. Consequently, the model describes the slow growth phase better. If the nucleation phase was in focus, a separate model could have been constructed to better predict the fast granule growth. This would have been justified, since the factors and the magnitude of the factors that influence the granule growth in the nucleation phase are probably different compared to those in the slow granule growth phase. However, in this study, the detailed modeling of the initial granule growth phase was not regarded important, because the granules in nucleation phase are still loosely bound and undergo breakage, attrition, and reagglomeration. One variable, i.e., pulsing of the granulation liquid feed, had a major effect on the process environment. During the pause phase, the granules dried to some extent, and this causes a fluctuation phenomenon in the mass temperature with these batches (32) . It is obvious that this variation observed can disturb the modeling to some extent. In future, it would be important to utilize the same kind of modeling concept to another study experiment, having a different kind of formulation and process variables to verify the concept.
One useful and objective evaluation criterion for the prediction capability is the comparison of the final predicted and measured particle size.
Applicability of the Modeling Concept
In general, the prediction results by the model were very promising. Although the composition and the design of experiment were not optimal for modeling, the d 50 predictability was still good. This suggests that the model parameters well covered the most relevant phenomena during the spraying phase. The possibilities of the modeling concept described here are wide; however, some restrictions exist. The main prerequisites for the development of this kind of prediction model are: (1) appropriately instrumented fluid bed granulator and (2) reliable particle size determination method during the model development. The instrumentation of a granulator is, in principle, straightforward, and commercial solutions are available. The second item is more challenging, because quite often, there are difficulties in obtaining reliable real-time particle size data during FBG. For example, it is well known that the probes applied into the process are prone to foul due to the adhesive and moist powder. In addition, the location of the probe in the chamber can affect the particle size results. Therefore, an at-line focused beam reflectance method has also been utilized (38) . SFT is another good alternative to be used for fast atline particle size analysis. It must be noticed, however, that representative sampling is of uppermost importance when applying any particle size determination method during FBG.
Design of experimental studies can be utilized to cover the desired variable ranges for the model. If, e.g., the inlet air humidity cannot be controlled in production scale environment, the effects of this uncontrollable variable could be included in smaller scale study as shown in this report. Predictive model for particle size growth can be developed in small scale, and the design space limits for the growth can be specified. In larger scale, the model can be verified and updated. In the end, the particle size trend could be predicted in real time without any in-line particle size technique or sampling procedures as long as the process variation obtained is included in the established model (i.e., design space). By doing this, the risk of in-line probe fouling and the biased particle size results due to size segregation can be avoided, too. It must be remembered, that the developed model is valid only inside the studied variable ranges, and it allows no extrapolation. The update and adjustment of the model can be, however, carried out by using the accumulative data from the manufactured batches. Although this modeling concept described is process-and equipment-dependent, we think it may have value, e.g., to support the in-house assurance of the process performance or to decrease the need of in-line particle size equipment investments in well-controlled manufacturing processes.
CONCLUSIONS
The developed models enabled the prediction of the particle size during the fluid bed granulation based on the traditional process data measurements. The goodness of prediction (Q 2 ) and the RMSEP values for the spraying phase model were 0.86 and 30.0 µm, respectively. While the measured in-line particle size data were influenced by different process failures, e.g., decreased fluidization activity, the predicted data remained more consistent. The introduced modeling concept can be applied in fluid bed granulation if the granulation environment is soundly instrumented and if reliable real-time particle size data from the design of experiment batches are retrieved for the model development and testing.
